Methods for generating and interpreting metabolic profiles based on nuclear magnetic resonance (NMR) spectroscopy, mass spectrometry (MS), and chemometric analysis methods are summarized and the relative strengths and weaknesses of NMR and chromatographycoupled MS approaches are discussed. Given that all data sets measured to date only probe subsets of complex metabolic profiles, we describe recent developments for enhanced information recovery from the resulting complex data sets, including integration of NMRand MS-based metabonomic results and combination of metabonomic data with data from proteomics, transcriptomics, and genomics. We summarize the breadth of applications, highlight some current activities, discuss the issues relating to metabonomics, and identify future trends.
INTRODUCTION
Molecular biology has mainly centered on the determination of multiple gene expression changes, either between subjects or following drug treatment or other interventions (termed transcriptomics). Much effort has also been put into determination of multiple protein expression changes in a cell or tissue (termed proteomics). However, the main problem with interpreting transcriptomic and proteomic data is the difficulty of relating observed gene expression fold changes or protein level (not activity) changes to conventional disease and pharmaceutically relevant endpoints.
Nuclear Magnetic Resonance Spectroscopy
NMR spectroscopy provides detailed information on molecular structure, both for pure compounds and in complex mixtures, but it can also be used to probe metabolite molecular dynamics and mobility through the interpretation of NMR spin relaxation times and by the determination of molecular diffusion coefficients (14) . Commercially available instruments up to an observation frequency for 1 H of 950 MHz are available (with higher frequencies on the way). For small-molecule studies, the increased sensitivity and dispersion that result from the higher magnetic fields are of great value and there are no disadvantages as there could be in macromolecule studies.
Automatic sample preparation involves simply buffering and adding D 2 O as a magnetic field lock signal for the spectrometer; standard NMR spectra typically take only a few minutes to acquire using robotic flow-injection methods. For large-scale studies, bar-coded vials containing the biofluid can be used, and the contents can be transferred into 96-well plates under LIMS system control and prepared for analysis using robotic liquid-handling technology. Currently, the use of these approaches allows well over 100 samples per day to be be measured on one spectrometer.
Alternatively, for more precious samples or for those of limited volume, conventional 5-mm or capillary NMR tubes are usually used, either individually or with a variety of commercially available sample tube changers with automatic data acquisition. The large NMR signal that arises from water in all biofluids is easily eliminated with the use of appropriate standard NMR solvent suppression methods. Absolute concentrations can be obtained if the sample contains an added internal standard of known concentration, if a standard addition of the analyte of interest is added to the sample, or if the concentration of a substance is determined by independent means (e.g., glucose in plasma can be quantified by a conventional biochemical assay).
The 1 H NMR spectra of urine show thousands of sharp peaks from predominantly small-molecule metabolites, whereas spectra of blood plasma and serum show broad bands from protein and lipoprotein signals, with sharp peaks from small molecules superimposed thereon (15) . Standard NMR pulse sequences, where the observed peak intensities are edited on the basis of molecular diffusion coefficients or NMR relaxation times (such as the Carr-Purcell-Meiboom-Gill spin-echo sequence), can be used to select only the contributions from macromolecules, or alternatively to select only the signals from the small molecule metabolites. A typical 950-MHz 1 H NMR spectrum of urine showing the degree of spectral complexity is given in Figure 1 . Most of the major peaks shown in this image have now been assigned (16) .
The development of cryogenic probes wherein the detector coil and preamplifier (but not the samples) are cooled to around 20
• K has improved spectral signal-to-noise ratios by up to a factor of five by reducing the thermal noise from the electronics of the spectrometer. Conversely, because the NMR signal-to-noise ratio is proportional to the square root of the number of co-added scans, shorter (by up to a factor of 25) data acquisition times become possible for the same amount of sample. Using NMR spectroscopy of biofluids to detect the much less sensitive 13 C nuclei, which have a natural abundance of 1.1%, also becomes possible because of the increase in signalto-noise ratio (17) . This technology also makes the use of tissue-specific microdialysis samples more feasible (18) . Two-dimensional (2D) NMR spectroscopy is useful for increasing signal dispersion and for elucidating the connectivities between signals, thus helping to identify metabolites. These include the 1 H-1 H 2D J-resolved experiment, which attenuates the peaks from macromolecules and yields information on the multiplicity and coupling patterns of resonances. A projection of such a spectrum onto the chemical shift axis yields a fingerprint of peaks from only the most highly mobile small molecules, with all spin-coupling peak multiplicities removed. Other 2D experiments [e.g., correlation spectroscopy (COSY) and total correlation spectroscopy (TOCSY)] provide 1 H-1 H spin-spin coupling connectivities, providing information as to which hydrogens in a molecule are close in chemical bond terms. Use of other types of nuclei, such as naturally abundant 13 C or 15 N, or, where present, 31 P, can be important in helping to assign NMR peaks through inverse-detected heteronuclear correlation NMR experiments. In these experiments, the lower-sensitivity or less-abundant nucleus NMR spectrum (such as 13 C) is detected indirectly using the more sensitive or abundant nucleus ( 1 H) with spin-spin interactions such as the one-bond 13 and CH 3 groups, which are useful for identification purposes (19) . There is also a sequence that allows correlation of protons to quaternary carbons based on long-range 13 C-1 H spin-spin coupling. Using a technique called high-resolution 1 H magic angle spinning (MAS) NMR spectroscopy, it is possible to acquire high-resolution NMR data on small pieces of intact tissues with no pretreatment (8, 20, 21) . Rapid spinning of the sample (typically at ∼4-6 kHz) at an angle of 54.7
• relative to the applied magnetic field serves to reduce the loss of information caused by the line-broadening effects seen in nonliquid samples such as tissues (such effects are caused by sample heterogeneity and residual anisotropic NMR parameters that are normally averaged out in free solution where molecules can tumble isotropically and rapidly). MAS NMR spectroscopy requires straightforward, but manual, sample preparation. NMR spectroscopy on a tissue sample in an MAS experiment is the same as solution-state NMR, and all commonpulse techniques can be employed in order to study metabolic changes and to perform molecular structure elucidation and molecular dynamics studies.
HPLC: high-performance liquid chromatography
Mass Spectrometry
MS, including tandem MS methods, has also been widely used in metabolic fingerprinting and metabolite identification Although most studies to date have been on plant extracts and model cell system extracts, the application of MS to mammalian studies is becoming more common. In general, a prior separation of the complex mixture sample using chromatography is required. MS is inherently much more sensitive than NMR spectroscopy, but it is generally necessary to employ different separation techniques (e.g., different LC column packings) for different classes of substances. Analyte quantitation by MS in complex mixtures of highly variable composition can be impaired by variable ionization and ion suppression effects. For plant metabolic studies, most investigations have used chemical derivatization to ensure volatility and analytical reproducibility, followed by GC-MS analysis. Some approaches using MS rely on more targeted studies, for example a detailed analysis of lipids (22) .
For the application of metabonomics to biofluids such as urine, a highperformance liquid chromatography (HPLC) chromatogram is generated with MS detection, usually utilizing electrospray ionization, and both positive and negative ion chromatograms. Typically a time-of-flight (TOF) instrument is used, but other studies have used ion cyclotron resonance (also known as Fourier transform) MS (FT-MS). At each sampling point in the chromatgram, there is a full mass spectrum and so the data is three dimensional in nature (i.e., retention time, mass, and intensity).
The recently introduced technique known as UPLC is a combination of a 1.7-μm reversed-phase packing material and a chromatographic system operating at around 12,000 psi. UPLC provides approximately a ten-fold increase in speed and a threeto five-fold increase in sensitivity compared to a conventional stationary phase. Because of the much-improved chromatographic resolution of UPLC, the problem of ion suppression from co-eluting peaks is greatly reduced. A typical UPLC-MS chromatogram from a rat serum extract is shown in Figure 2 ; also shown for comparison is a chromatogram from a conventional HPLC-MS trace.
More recently, capillary electrophoresis coupled to mass spectrometry has also been explored as a suitable technology for metabonomics studies (23) . Using this technique, metabolites are first separated by CE based on their charge and size and then selectively detected using MS monitoring. This method has been used to measure 352 metabolic standards and has been employed for the analysis of 1692 metabolites from Bacillus subtilis extracts, revealing changes in metabolite levels during the bacterial growth.
Hyphenated Systems
For biomarker identification, it is also possible to separate out substances of interest on a larger scale from a complex biofluid sample using techniques such as solid-phase-extraction or HPLC. For metabolite identification, directly coupled chromatography-NMR spectroscopy methods can also be used. The most general of these "hyphenated" approaches is HPLC-NMR-MS (24) , in which the eluting HPLC peak is split, with parallel analysis by directly coupled NMR and MS techniques. 10 min HPLC-NMR-MS can be operated in on-flow, stopped-flow, and loop-storage modes and thus can provide the full array of NMR-and MS-based molecular identification tools. These include 2D NMR spectroscopy as well as MS-MS for identification of fragment ions and FT-MS or TOF-MS for accurate mass measurement and hence derivation of molecular empirical formulae.
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Chemometric Methods
To achieve optimal characterization of the samples and enable efficient biomarker detection, GC-MS and HPLC-MS data sets particularly, but also NMR data sets generally, require several steps of data preprocessing prior to any multivariate analysis. Considerable effort has gone into the development of algorithms to align signals from the same compound in data acquired from different samples (25, 26) . This problem has been partially solved for NMR spectroscopic data (which can be subject to peak position variation problems) by dividing the spectrum into frequency windows and integrating signal intensity within these segments (27, 28) , or by means of advanced principal components analysis (PCA) techniques (29) . Analogous approaches have been applied to MS data. In one study, a series of prominent marker peaks (30) was used to divide chromatograms into time windows in which the retention time scale was then adjusted piecewise by an interpolation scheme. Another approach (31) divided chromatograms into time windows separated by regions showing a baseline response in all samples, constructed the equivalent direct-injection mass spectra, and then, using alternating regression, extracted the significantly varying m/z values. For NMR spectroscopy, the need to segment the data in this way has largely been eliminated by the use of correlation techniques (see Section 4 below). The data point intensities in an NMR spectrum or in an LC-MS data set can be considered as a multidimensional graph of metabolic coordinates; the spectrum is therefore a point in a multidimensional metabolic hyperspace. The initial objective in metabonomics is primarily to classify a sample based on identification of its detailed spectral patterns and then to identify those metabolic features responsible for the classification. The approach can also be used for reducing the dimensionality of complex data sets, for example by 2D or 3D mapping procedures, to enable easy visualization of any clustering of the various samples. Alternatively, in what are known as supervised methods, multiparametric data sets can be modeled so that the class of separate samples (known as a validation set) can be predicted based on a series of mathematical models derived from the original data (the training set).
One simple technique used extensively in metabonomics is PCA (32) . Conversion of the data matrix to principal componentss results in two matrices known as scores and loadings. Scores, the linear combinations of the original variables, represent the coordinates for the samples in the established model and may be regarded as new latent variables. In a scores plot, each point represents a single sample spectrum. The PC loadings define the way in which the old variables are linearly combined to form the new variables and indicate those variables carrying the greatest weight in transforming the position of the original samples from the data matrix into their new position in the scores matrix. In the loadings plot, each point represents a different spectral intensity. Thus, the cause of any spectral clustering observed in a PC scores plot is interpreted by examination of the loadings that cause any cluster separation. In addition, there are many other visualization (i.e., unsupervised) methods, such as nonlinear mapping and hierarchical cluster analysis.
One widely used supervised method (i.e., using a training set of data with known endpoints) is partial least squares (PLS) (32) . This method relates a data matrix containing independent variables from samples, such as spectral intensity values (an X matrix) to a matrix containing dependent variables, such as measurements of response, for those samples (a Y matrix). PLS can also be combined with discriminant analysis (DA) to establish the optimal position in which to place the discriminant surface that best separates classes. It is possible to use such supervised models to provide classification probabilities and quantitative response factors for a wide range of sample types, but given the strong possibility of chance correlations when the number of descriptors is large, it is important to build and test such chemometric models using independent training data and validation data sets. Orthogonal signal correction (OSC) can be used to remove irrelevant parts of the data that are uncorrelated with the endpoints; OSC has been integrated into the PLS algorithm for optimum use (33) .
PCA and PLS use linear combinations of parameters for dimension reduction or classification, but other methods do exist. For example, in neural network analysis a training set of data is used to develop algorithms, which "learn" the structure of the data and can cope with complex functions. Recently, probabilistic neural networks, which represent an extension to the approach, have shown promise for metabonomics STOCSY: statistical total correlation spectroscopy applications in toxicity (34) . Other approaches currently being tested include genetic algorithms (35) , machine learning (36) , and Bayesian modeling (37).
THE STRENGTHS AND WEAKNESSES OF NUCLEAR MAGNETIC RESONANCE-AND MASS SPECTROMETRY-BASED DATA ACQUISITION
Altbough both NMR spectroscopy and mass spectrometry have been widely used in metabolic profiling studies, each has its champions and often the real benefits of each are not wholly appreciated. Table 1 presents a comparison of these two highly complementary approaches.
THE CONCEPT OF STATISTICAL SPECTROSCOPY AND ITS IMPLEMENTATION
A recent development has been the implementation of the statistical total correlation spectroscopy (STOCSY) analysis method for aiding the identification of potential biomarker molecules in metabonomic studies based on NMR spectroscopic data (38) . STOCSY takes advantage of the multicollinearity of the intensity variables in a set of spectra (e.g., 1 H NMR spectra) to generate a pseudo-two-dimensional NMR spectrum that displays the correlation among the intensities of the various peaks across the whole sample. This method is not limited to the usual connectivities that are deducible from more standard 2D NMR spectroscopic methods, such as TOCSY. Moreover, two or more molecules involved in the same pathway can also present high intermolecular correlations because of biological covariance due to common pathway control or can even be anticorrelated for the same reason.
A combination of STOCSY with supervised pattern recognition, particularly orthogonal projection on latent structure-discriminant analysis (OPLS-DA), offers a powerful new framework for the analysis of metabonomic data. First, OPLS-DA extracts the parts of NMR spectra related to discrimination. This information is then cross-combined with the STOCSY results to help identify the molecules responsible for the metabolic variation. This method has been applied to 1 H NMR spectra of urine from a metabonomic study of a model of insulin resistance based on the administration of a carbohydrate diet to three different mice strains, in which a series of metabolites of biological importance was conclusively assigned and identified (38) .
The background to this method was introduced by Sasic et al. (39) and is based on another method, proposed by Noda, for generalized 2D correlation spectroscopy (40, 41, 42, 43) . Successful previous applications of this correlative approach include infrared, Raman, near-infrared, and fluorescence spectroscopies (41, 42) , with which correlations between different spectral features were identified.
STOCSY is based on the properties of the correlation matrix C, computed from a set of sample spectra according to where X1 and X2 denote the autoscaled experimental matrices of n × v1 and n × v2, respectively; n is the number of spectra (one for each sample) and v1 and v2 are the number of variables in the spectra for each matrix. C is therefore a matrix of v1 × v2, where each value is a correlation coefficient between two variables of the matrices X1 and X2. The simplest case is the autocorrelation analysis where X1 = X2. Because the different resonance intensities from a single molecule will always have the same ratio, if the spectrometer conditions are kept identical between samples the relative intensities will theoretically be totally correlated (correlation coefficient r = 1). In real samples of biofluids, r will always be <1 because of spectral noise or peak overlaps from other molecules. In practice, however, the correlation matrix from a set of spectra containing different amounts of the same molecule shows very high correlations between the variables corresponding to the resonances of the same molecule. Plotting the correlation matrix provides a graphic representation of the multi-sample spectroscopic data set comparable to that of a 2D correlation NMR experiment conducted on one sample containing all the molecules of all the samples. The method is not restricted to 1 H-1 H NMR correlation, but can be applied to different nuclei. If these include different NMR-active nuclei ( 13 C-13 C, 1 H-13 C, 13 C-31 P, etc.), X1 * X2, then heteronuclear correlation is also possible and will yield novel molecular connectivity information using both types of nuclear spin properties. We have recently applied this approach to correlation of 1 H and 31 P MAS NMR spectra of tissues (44) . An illustration of the correlation between 1 H and 31 P MAS NMR spectra of rat liver tissues, following administration of a model liver toxin galactosamine, is shown in Figure 3 (44) . The one-dimensional 1 H and 31 P correlation plots constructed from the two-dimensional STOCSY cross-peak at heteronuclear chemical shifts of δ 31P 12.772 and δ 1H 5.9822 are given in Figure  3a ,b,c. The two high-field 31 P resonances correlate to a host of 1 H resonances and the 31 P spectral metabolites have been assigned to UDP-galNAc and UDP-glcNAc. These STOCSY-led assignments have been confirmed via spiking of standard compounds into an aqueous extract of liver.
Finally, it should be noted that STOCSY can be used to derive NMR spectral splittings and J couplings with the same theoretical precision as the 1D spectral properties from which the 2D data set was derived; this derivation is not limited by the generally lower resolution in the F1 domain of most correlation 2D experiments, provided, of course, that any physicochemical environment variation between samples does not induce variation of the peak positions.
An approach to enhancing information recovery from cryogenic probe on-flow LC-NMR spectroscopic analyses of complex biological mixtures has been demonstrated using a variation on the STOCSY method (45) . Cryoflow probe technology enables more sensitive and hence faster NMR detection of metabolites using on-flow HPLC-NMR or UPLC-NMR, and the rapid spectral scanning allows multiple spectra to be collected over unresolved chromatographic peaks that can contain several species with similar, but nonidentical, retention times. This enables the identification of 1 H NMR signal connectivities between close-eluting metabolites, resulting in a "virtual" chromatographic resolution enhancement visualized directly in the NMR spectral projection. This approach is of wide general applicability to any complex mixture analysis problem involving chromatographic peak overlap, with particular application in metabolomics and metabonomics for identifying both endogenous and xenobiotic metabolites. The use of statistical total correlation spectroscopy (STOCSY) to aid identification of linked nuclear magnetic resonance peaks (NMRs) from 1 H and 31 P magic-angle-spinning NMR spectra of rat liver tissue. The 1 H and 31 P NMR chemical shifts for the anomeric proton and one of the two phosphorus atoms, respectively, are around 6 ppm and −12 ppm for both UDP-GlcNac and UDP-GalNac. The correlations from the peak pair at 5.982 and −12.77 ppm to aromatic protons are shown in panel a, and the correlation to aliphatic protons is shown in panel b. Panel c indicates that the intensities of the two high-field 31 P NMR peaks are highly correlated as expected, as both UDP-GlcNac and UDP-GalNac have two phosphorus atoms and the 31 P chemical shifts of these are at the same positions in both substances. The correlation of the intensities of the peaks at 5.98 and −12 ppm is given in panel d.
The complementarity of NMR and MS methods as structural tools has encouraged their parallel use in structure elucidation studies for natural product research, drug metabolite analysis, and other complex mixture analysis problems for many years. Typically, NMR and MS spectra of various types are examined together, and structural parameters such as chemical shifts and coupling constants (NMR) and exact molecular mass and fragmentation patterns (MS) are compared, often for a single SHY: statistical heterospectroscopy sample, to generate structural assignment information that is consistent with the outputs of both technologies. However, in many metabonomic studies, multiple samples with a wide range of biochemical variation are available for both NMR and MS analysis, creating the opportunity for statistical analysis of signal amplitude covariation between technologies and direct cross-correlation of data for assignment purposes.
Statistical heterospectroscopy (SHY) is an extension of STOCSY for the coanalysis of multispectroscopic data sets acquired on multiple samples (46) . This method also operates through the analysis of the intrinsic covariance between signal intensities in the same and related molecules measured by different techniques across cohorts of samples. The potential of SHY has been illustrated using both 600 MHz 1 H NMR and UPLC-TOF-MS data obtained from control rat urine samples and from a corresponding hydrazine-treated group (46) . We have shown that direct cross-correlation of spectral parameters, e.g., chemical shifts from NMR and m/z data from MS, is readily achievable for a variety of metabolites, leading to improved efficiency of molecular biomarker identification. In addition to structural information, higher-level biological information can be obtained on metabolic pathway activity and connectivities by examination of different levels of the NMR-to-MS correlation and anticorrelation matrixes. The SHY approach can be used if two or more independent spectroscopic data sets are available for any sample cohort. This approach is of wide applicability and can be extended beyond NMR and LC-MS to include any spectroscopic, electrochemical, or other multivariate analytical measurements where multiple samples are measured by more than one technology. An example of the use of SHY to correlate NMR and MS data is given in Figure 4 (46).
A DATA SPACE REDUCTION APPROACH FOR IMPROVING THE SEARCH FOR BIOMARKERS
One of the major problems with interpreting metabonomic UPLC-MS data sets is the sheer number of variables to consider. A strategy for biomarker recovery from such data sets from biofluids has been presented and exemplified using a study on hydrazine-induced liver toxicity (47) . A key step in this strategy involves a novel procedure for reducing the spectroscopic search space by differential analysis of cohorts of normal and pathological samples using orthogonal projection-to-latent structures discriminant analysis (O-PLS-DA). This efficiently sorts principal discriminators of toxicity from the background of thousands of metabolic features commonly observed in the data sets generated by UPLC-MS analysis of biological fluids; it is is thus a powerful tool for biomarker discovery.
The advent of UPLC has led to the detection of many thousands of metabolic features by mass spectrometry. Paradoxically, this creates a new statistical problem related to biomarker discovery: it becomes difficult to recover key discriminating biomarker information in the background of the thousands of detectable metabolic variables, the majority of which do not actually contribute to class separation or diagnosis. We have approached the processing of UPLC-MS data acquired on urine samples from an exemplar toxicology study by applying O-PLS-DA to matrices formed by binning the raw data over windows in both retention time and m/z. The sample set analyzed contained urine specimens from both control animals and from those exhibiting a strong response to administration of the model toxin hydrazine, which elicits a steatotic effect in the liver (48) . The aim of the study was to demonstrate the stratification of the many UPLC-MS metabolite peaks according to their relevance to toxicity (and, in principle, to any other pathological or disease state). In this way, subsequent metabolite identification and quantitation efforts were focused on the most important peaks. Use of this approach efficiently avoids the vexed problems of deconvolution or peak alignment between samples and the calculation of relative concentrations before applying the multivariate analysis, and allows significant peaks that are close to the detection limit to be recovered statistically without time-consuming inspection of individual spectra. We have shown that, given a suitable choice of window size, useful peak selection can be obtained rapidly and the peaks can be treated as biomarker candidates for further analysis and structure characterization.
The use of a cross-validated method like O-PLS-DA provides greater confidence than simple correlation analysis of variable against class. In addition, the method detects and models separately any variation that is orthogonal to class, so this can be separately analyzed and does not affect the class dependency results. The analytical strategy employed is summarized in Figure 5 . Following the binning of data comes the selection step, which consists of filtration of variables by weight in an O-PLS-DA model; this yields a measure of correlation between peak intensity and dosage. The weights, color coded by value, are displayed in 2D diagrams labeled by retention time bin and m/z bin, which are expanded as required. Once the discriminating peaks are found, a library search is conducted to identify the possible compounds involved. Given that a single bin may contain more than one peak and that accurate masses and retention times are required, it is still necessary to interrogate the The procedure for data space reduction in the search for biomarkers separating two classes of sample.
original UPLC-MS spectra to find the exact values for the biomarker candidates. In this study (47) , the library search against accurate m/z was done manually for the list of peaks of interest; however, this search may be automated. The final step compares MS/MS fragment patterns of pure compounds with urine samples from the study to either confirm or exclude candidate compounds highlighted by the search procedure.
RECENT MAMMALIAN APPLICATIONS AND TRENDS
Numerous studies have used metabonomics to characterize normal metabolic variation, caused by a range of inherent and external factors, in experimental animals such as mice and rats (49 and references therein). Such differences may help explain differential toxicity of drugs between strains and interanimal variation within a study. Many effects can be distinguished using NMR-and MS-based based metabonomics, including male/female differences, wild-type and genetically modified animal models, age-related changes, estrus cycle effects in females, diet, diurnal effects, and interspecies differences and similarities (8, 49) . Analogous studies have also been undertaken in humans (50, 51, 52) . The importance of the symbiotic relationship between mammals and their gut microfloral populations has been recognized (9) and studied extensively using axenic animals (53), different animal colonies (54), parasitic infections in animals (55) , and the use of probiotics (56) . Minimizing the occurrence of drug adverse effects is one of the most important aims of pharmaceutical research and development, and the pharmaceutical industry is now embracing metabonomics for evaluating the adverse effects of candidate drugs (e.g., through the COMET project; see below). Metabonomics classification of the target organ or region of toxicity, the biochemical mechanism of that toxin, the identification of combination biomarkers of toxic effect, and evaluation of the time-course of the effect (e.g., the onset, evolution, and regression of toxicity) can all be determined (57, 58) . The usefulness of metabonomics for the evaluation of xenobiotic toxicity effects has recently been comprehensively explored by the Consortium for Metabonomic Toxicology (COMET). COMET was formed among five pharmaceutical companies and Imperial College, London (59) with the aim of developing methodologies for the acquisition and evaluation of metabonomic data generated using 1 H NMR spectroscopy of rat and mouse urine and blood serum for preclinical toxicological screening of candidate drugs. New methodologies for analyzing and classifying the complex data sets were developed. For example, because the predictive expert system takes into account the metabolic trajectory over time, a new way of comparing and scaling these multivariate trajectories was developed (60) . Additionally, a novel classification method, termed Classification Of Unknowns by Density Superposition (CLOUDS), has been generated in order to identify the class of toxicity based on all of the NMR data for a given study (61) .
COMET showed that it is possible to construct predictive and informative models of toxicity using NMR-based metabonomic data, delineating the whole time course of toxicity. This successful outcome is evidenced by the generated databases of spectral and conventional results for a wide range of model toxins (147 in total) that served as the basis for computer-based expert systems for toxicity prediction (62) . The project's goals, namely the generation of comprehensive metabonomic databases (now containing approximately 35,000 × 600 MHz 1 H NMR spectra) and the creation of successful, robust multivariate statistical models (expert systems) for prediction of toxicity-initially for liver and kidney toxicity in the rat and mouse-have now been achieved, and the predictive systems and databases have been transferred to the sponsoring companies (63) .
Many examples exist in the literature (reviewed in 8) of the use of NMR-based metabolic profiling to aid human disease diagnosis. A promising use of NMR spectroscopy of urine and plasma, as evidenced by the number of publications on the subject (8, chapter 14) , is in the diagnosis of inborn errors of metabolism in children. In addition, tissues themselves can be studied by metabonomics through the MAS technique and there are many published examples (8, chapter 4, and references therein). In this field, MS is also a well-established technique and many diseases are routinely diagnosed using MS-based methods, but investigation of rare and unexpected diseases often benefits from an exploratory NMR spectroscopic approach.
The value of obtaining multiple NMR spectroscopic (or indeed other types of analysis) data sets from various biofluid samples and tissues of the same animals collected at different time-points has been demonstrated. This procedure, termed integrated metabonomics (6), can be used to describe the changes in metabolism in different body compartments affected by exposure to, for example, toxic drugs (64, 65) . Such timed profiles in multiple compartments are themselves characteristic of particular types and mechanisms of pathology and can be used to give a more complete description of the biochemical consequences than can be obtained from one fluid or tissue alone.
Integration of metabonomic data with data from multivariate techniques in molecular biology, such as gene array experiments or proteomics, is also feasible. Thus, it is also possible to integrate data from transcriptomics and metabonomics in order to find, for example after acetaminophen administration to mice, common metabolic pathways implicated by both gene expression changes and changes in metabolism (66) . It has also been found that evaluation of both transcriptomic and metabolic changes following administration of the toxin bromobenzene provides a more sensitive approach for detecting the effects of the toxin (67) . Similarly, changes in gene expression detected in microarray experiments can lead to the identification of changed enzyme activity; this can also be achieved by analysis of metabolic perturbations (68) .
A novel method of integrating proteomic and metabonomic data has been developed and applied to a human tumor xenograft mouse model of prostate cancer (69) . Parallel 2D-difference gel electrophoresis proteomic data and 1 H NMR metabolic profile data were collected on blood plasma from mice implanted with a prostate cancer xenograft and from matched control animals. To interpret the xenograft-induced differences in proteomic and metabonomic plasma profiles, multivariate statistical algorithms, including OPLS, were applied to generate models characterizing the disease profile and to elucidate metabolite concentrations and protein abundances that could be directly related to the disease model. Clearly, characterizing the relationships between genomic and phenotypic variation is an essential step in understanding disease processes. To this end, the first real transcriptomic-metabonomic cross-correlations have been achieved (70) . Data sets derived from pathophysiological, proteomic, and transcriptomic profiling were used to map so-called quantitative trait loci (QTLs). Metabolic traits, as used in plant QTL studies, can be used to define phenotypes in mammalian genetics to characterize disease biomarkers. Untargeted plasma metabolic fingerprints derived from NMR spectroscopic analysis were mapped to chromosomes found in a rat strain derived from crossing diabetic and control animals. Identifying such metabotypic QTLs appears to be a practical approach to understanding genome-phenotype relationships in mammals and might uncover deeper biological complexity, such as extended genome (microbiome) perturbations that could affect disease processes through transgenomic effects.
THE FUTURE
Developments in NMR spectroscopy will continue to provide improvements in sensitivity from the use of cryogenic probes and increased magnetic field strengths. Improved identification of metabolites will come from inspection of databases of NMR spectra of standard substances. An increasing use of MS-based analyses in mammalian systems is expected and improvements in detection, sensitivity, and reliability will undoubtedly be achieved. Given the need for data sets to provide information on molecular identity, it is unlikely that techniques other than NMR and MS will find widespread use.
The main pharmaceutical areas in which metabonomics is already having an impact include validation of animal models of disease (as in genetically modified animals); preclinical evaluation candidate drugs in safety studies; assessment of safety in humans in clinical trials, and, after product launch, quantitation or ranking of the beneficial effects of pharmaceuticals; improved understanding of the causes of highly sporadic idiosyncratic toxicity of marketed drugs; and patient stratification for clinical trials and drug treatment. In addition, in terms of disease studies, metabonomics is playing a role in improved, differential diagnosis and prognosis of human diseases, particularly for chronic and degenerative diseases and for diseases caused by genetic effects. A better understanding of large scale human population differences through epidemiological studies is also being achieved. Other applications where major expansion is expected are nutritional studies; sports medicine and life style studies, including the effects of diet, exercise, and stress; and evaluation of the effects of interactions among drugs and between drugs and diet.
If personalized healthcare is to become a reality, an individual's drug treatments must be tailored so as to achieve maximal efficacy and avoid adverse drug reactions. One of the long-term goals of pharmacogenomics is to understand the genetic makeup of different individuals (their genetic polymorphisms) and how well they are able to handle pharmaceuticals-this is important for identifying both beneficial and adverse effects. An alternative approach to understanding intersubject variability in response to drug treatment involves using a combination of multivariate metabolic profiling and chemometrics to predict the metabolism and toxicity of a dosed substance, based solely on the analysis and modeling of a predose metabolic profile (71) . Unlike pharmacogenomics, this approach, termed pharmacometabonomics, is sensitive to both the genetic and environmental influences that determine the basal metabolic fingerprint of an individual, as these will also influence the outcome of a chemical intervention. This new approach has been illustrated with studies of the toxicity and metabolism of compounds, administered to rats, with very different modes of action. The next challenge is to adapt pharmacometabonomic approaches to humans, and although we are more metabolically variable than rats, so are our range of responses, meaning that pharamcometabonomics is likely to be successful in predictive drug metabolism and toxicity for at least some compound classes. Analogous to this application to pharmaceuticals, it has very recently been shown to be possible to distinguish individuals with different food preferences from their basal metabolic profiles of urine and blood plasma (72) .
A major initiative is under way to make consensual recommendations for standardizing reporting arrangements for metabonomics studies. This research was initiated by the Standard Metabolic Reporting Structures group (http:// www.smrsgroup.org), which produced a draft policy document covering all of the aspects of a metabolic study that are recommended for recording, including the origin of a biological sample, the analysis of material from that sample and chemometric and statistical approaches, and retrieval of information from the sample data; a summary publication has appeared (73) . The various levels of (and consequent detail for) reporting needs, including journal submissions, public databases, and regulatory submissions, have also been addressed. In parallel, a scheme called ArMet for capturing data and metadata from metabolic studies has been proposed and developed (74) . This has been followed up with a workshop and discussion meeting sponsored by the U.S. National Institutes of Health (75) , from which the Metabolomics Standards Initiative was born (see http://msi-workgroups.sourceforge.net). This organization has now produced draft reports on many aspects of standardization and reporting in the subject and a number of papers are in press, covering characterization of sample-related metadata, technical standards and related data, metadata and QC matters for the analytical instrumentation, data transfer methodologies, schema for the implementation of such activities, and development of standard vocabularies to enable transparent exchange of data (76).
CHALLENGES AND OPPORTUNITIES
In summary, it is clear that metabonomics will have an increasing and major impact. The analytical procedures used are stable and robust and have a high degree of reproducibility. Although advances will obviously be made in the future, current data will always be readable and interpretable. In contrast to other -omics, metabonomics enjoys a good level of biological reproducibility and the cost per sample and per analyte is low. It has the advantage of not having to preselect analytes, and through use of biofluids it is minimally invasive, creating the possibility of hypothesis-generation studies. Metabolic biomarkers are identifiable with real biological endpoints and provide a global systems interpretation of biological effects, including interactions between multiple genomes (such as those of humans and their gut microflora). One major potential strength of metabonomics is the possibility that metabolic biomarkers will be more easily used across species than transcriptomic or proteomic biomarkers; this flexibility should be important for pharmaceutical studies.
On the other hand, metabonomics suffers from the application of multiple analytical technologies, there are questions of the sensitivity and dynamic range of the technologies used, and the data sets are complex. Through the use of chemometrics, it is possible to overinterpret the data, but this is easily avoided by applying correct statistical rigor. Currently, the groups using metabonomics are moving towards defining standards for data and operations; a good start has been made, but there remains a need for the regulatory agencies to be trained in the data interpretation and for better-trained practitioners.
The reality of the complexity of disease and drug effects means that the use of biomarker combinations will increase; thus, there are many opportunities for metabonomics that have yet to be explored, such as its use in environmental toxicity studies, in directing the timing of transcriptomic and proteomic experiments, and for deriving theranostic biomarkers. Metabonomics will surely be an integral part of any multiomics study where all the data sets are combined in order to derive an optimum set of biomarkers.
The ultimate goal of systems biology is the integration of data acquired from living organisms at the gene, protein, and metabolite levels. Hopefully, through the combination of transcriptomics, proteomics, and metabonomics, an improved understanding of an organism's total biology will result; subsequently, better understanding of the causes and progression of human diseases will ensue.
